The residual error of the gp prediction is smaller at higher BA, where gp is smaller. This heteroscedasticity of the data modelling is inconsistent with standard regression, which assumes equal size residuals across the input space. The solution chosen was to model √gp rather gp, because the heteroscedasticity of √gp is much smaller. The terms after the square bracket correct a tiny bias induced by this solution.
The training algorithm is able to estimate the generalization error of the network and the number of hidden units, n, is then determined by the data so that the generalization error is minimal. This leads to 5 hidden units for the boy model and 2 for the girls, and in Figure 2 in the main text one clearly sees that the gp function is considerably more non-linear for boys than for girls.
Supplemental The weights and RMSEs are listed in Supplemental Tables 4 and 5 for integer values of BA, and values at arbitrary BA values are computed by linear interpolation.
Finally the model for adult height prediction from the mid-parental height is specified in Supplemental Table 3 .
Supplemental 
APPENDIX B: THE WEIGHT FUNCTIONS AND BAYESIAN INFERENCE
The new model predicts adult height by combining the prediction from the radiograph with the prediction from the parents' heights or from the average population height. The combination is performed as a weighted average, and this appendix describes how these weights are derived theoretically using Bayesian inference.
According the school of Bayesian statistics, the clinician's belief regarding the future adult height of a subject is modelled as a probability distribution which we assume is a normal distribution, so that the belief can be specified by a mean (or centre) value, H, and an SD, sH. Thus the true value lies within H ± sH with 68% probability.
If we have two independent sources of information about the adult height, represented by HA and HB with SDs sA and sB, then we define the precisions of the predictions as pA = 1/sA 2 and pB = 1/sB 2 .
We now want to pool the two sources, and the new belief about the adult height represented by (HAB, pAB), can then be computed from Bayesian inference:
The prediction HP from the parents, and the prediction Hraw from BA, CA and h have known precisions pP and praw computed from the SDs of the residuals in the regression models, so they can be combined using weights given by Bayesian inference. We call these weights the theoretical weights. Figure 1 : Comparison of the two predictions H raw (left) and H pred (right) for girls of bone age 9.5-10.5 y. The y-axis shows the error of the predictions. The slope in the left plot is 0.11, so by drawing the raw prediction 11% of the way towards the population mean, the slope disappears, as seen in the right plot. H raw corresponds to the raw Bayley-Pinneau-type prediction, which overestimates the adult height by 1.1 cm for every 10 cm above the mean.
But the weights can also be computed empirically as illustrated in Supplemental Figure 1 . The slope of the regression line fitted to the data in the left plot is exactly the weight that removes the trend in the final prediction, which is the desired effect of the correction. We call this the empirical estimate of the weights.
Supplemental Figure 2 compares the theoretical and empirical weights for the population-based and the parents-based models. It is satisfying to see that the shapes of the two weight estimates agree so well, i.e. there is consistency between the observed errors of Hraw and the weights that remove the trend. There is a characteristic plateau of about 13 and 24% before puberty, and the weights drop quickly to zero, thereafter. The new method uses the theoretical values, which are listed in Supplemental Tables 4 and 5 Figure 2 : The black curves are the weights used in the new method. The green curves are the weights that empirically render the prediction unbiased in each bone age bin. The black curves are a good approximation to the empirical weights, but they vary smoothly. 2 In the computation of theoretical weights in Supplemental Figure 2 , the SDs of the population (7.0 and 5.9 cm) were scaled up by a factor of 1.4 and the SDs of the model-based on parents' heights (5.9 and 4.3 cm) were scaled up by a factor 1.2. This was done in order that the theoretical weights agree, on average, with the empirical weights. Had we omitted these factors, the theoretical weights would have been larger. So we should, in general, assign stronger belief to H raw than what the simple Bayesian expression tells us based on the residuals of the regression model. This is a limitation of the simple Bayesian framework, which requires that the two pieces of information being combined have uncorrelated uncertainties. This is not exactly true in the case of height prediction. For instance, when we predict the adult height at the age of 10, the error committed by the parents-model and the raw model are somewhat correlated. We can speculate about the reason for this. Some part of the height gain after the age of ten is due to the environment, which neither the parents-model nor the raw model can know about. The environmental effect thus leads to correlated errors in the two prediction models. In any case, Supplemental Figure 2 shows that with the applied adjustment, the model is bias-free for tall and short stature at all bone ages. Figure 3 : The remaining height growth at menarche is 6.6 cm ± 2.2 cm (SD) Supplemental Figure 3 shows the remaining height growth at menarche versus the height at menarche for the 1ZLS. There was no height measurement right at the menarche, so it was computed by linear interpolation between the heights at the adjacent anniversaries, a procedure which is also recommended in clinical practice. There is no evidence from the data that the remaining height growth at menarche is proportional to the current height, so we simply modelled the remaining height as 6.6 cm ± 2.2 cm (SD), independent of height.
To combine this information with the adult height prediction from the radiograph we again use Bayesian inference as the following example illustrates:
Consider a girl with BA 13 yr and Hpred = 166 ± 1.7 cm. Assume that menarche occurred a few months earlier, and that the height at menarche was 155 cm. We then have an independent prediction of adult height HM = 155 + 6.6 cm = 161.6 ± 2.2 cm.
The corresponding precisions are 0.35 cm -2 and 0.21 cm -2 , so the Bayesian weights are 0.63 and 0.37, respectively, and a more accurate prediction is formed as 0.63 * 166.0 cm + 0.37 * 161.6 cm = 164.4 cm. The precision is 0.35 cm -2 + 0.21 cm -2 = 0.56 cm -2 , so the SD is 1/√0.56 cm = 1.4 cm leading to the final result: HpredM = 164.4 ± 1.4 cm.
For all post-menarchal anniversaries, this combined prediction was formed for the 1ZLS and the RMSE of the residuals was computed for each integer value of bone age. The menarche occurs, on average, at BA = 13.2 years, so at BA 12 and 13 years, only 9% and 41% of the girls are postmenarchal, respectively, but for them, the SDs are significantly smaller, as shown in Figure 3 in the main text (which shows observed RMSEs, rather than the SDs computed according to Bayesian inference).
In the new method it is optional to include menarche information, whereas the TW3 method is less flexible: for girls in the age range 12-15 years, one has to know whether menarche has occurred. 
APPENDIX E: COMPARISON WITH BAYLEY-PINNEAU
Supplemental Figure 5 shows the growth potential prediction at zero BA retardation in the new method compared to gp for the normal children (|BA-CA| < 1 years) of the Bayley-Pinneau model. The agreement is fair for boys, while there are marked differences for girls. There is a peculiar irregularity of the Bayley-Pinneau model for girls at 11 and 12 years. 
APPENDIX F: ADJUSTMENT FOR WEIGHT
This appendix contains a more extensive account of the adjustment for body weight in the new method for adult height prediction.
As seen in Figure 4 in the main text, BMI has little to contribute to the adult height prediction for girls, so the correction for BMI is implemented only for boys. The correction can be applied to both the population-based prediction Hpred, and the parents-based prediction HpredP, and the size of the correction is the same. It is computed as follows:
BMI SDS = ( BMI -mean BMI(BA) ) / SD BMI(BA) HpredW = Hpred + ΔH(BA) × BMI SDS HpredPW = HpredP + ΔH(BA) × BMI SDS Thus one computes the child's BMI, and looks up the mean and SD of BMI at that BA in Supplemental Table 6 to arrive at the BMI standard deviation score (SDS). If |BMI SDS| > 2, the BMI SDS value should be truncated to ±2 in order to prevent excessive corrections. Finally one looks up the correction per BMI SDS and the RMS error in Supplemental Table 6 .
Supplemental Several studies have shown that a higher BMI in childhood leads to an earlier puberty and a lower adult height (2) . This could lead one to assume that BMI affects adult height only via BA.
To illustrate this effect, Supplemental Figure 6 shows the BA advancement per BMI and skinfold SDS in the 1ZLS. The advancement at BA=10 y of about 0.3 y induces a reduction in the predicted adult height prediction of 0.3 cm for boys and for 1.1 cm girls (bone age has a rather small effect on the predicted adult height for boys at this age, as can be seen from Figure 2 in the main text). In this study we found that when predicting adult height from current height, CA and BA are not sufficient for capturing all the effects of a higher BMI, in particular for boys, i.e., BMI has an effect on final height, which is independent of its effect on BA shown in Supplemental Figure 6 . One achieves -it seems -a more accurate prediction of adult height by the explicit adjustment for BMI SDS. Since the independent BMI-effect on adult height disappears at puberty (see Figure  4 in the main text), BMI in childhood predicts the strength of the pubertal growth spurt for boys in these data. We know that fat promotes the conversion of androgen into estrogens, which speeds up maturation. For boys this seems to occur in particular at puberty, leaving a smaller time for the growth spurt.
The height prediction models without body weight (Bayley-Pinneau, TW and the Hpred and HpredP version of the new method) all have considerably higher prediction errors for boys than for girls. This "puzzle" is often attributed to the unpredictability of the timing and strength of the male growth spurt. The RWT method, on the other hand, included weight and has equal prediction errors for boys and girls at age 10 (see Figure 1 in (3)), but the use of the height and weight in the same regression equation made it difficult to understand the mechanism, because these two variables are highly correlated. The new method applies the weight adjustment after height has explained as much as it can, and in addition, it uses weight in the guise of BMI, which, to a first approximation, is independent of height. With the BMI correction, the new method performs almost as well for boys as for girls, only approx 8% worse, corresponding to the 8% larger average height of males. We can thus assert that by including BMI, the "puzzle" of the poorly predicted boys vanishes in these data. The growth spurt is now equally predictable for boys and girls.
